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Section I

What is VAM?
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Intent of VAM

• Value-added Modeling
• To isolate/identify/estimate the relationship 

between having teacher A or teacher B on 
the average achievement gains of 
students with each teacher

• VAM is more complex than simply taking 
the average difference of test scores at 
time T+1 minus test scores at time T.
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Basic Assumption

Teacher Effectiveness = Student Test 
Scores After - Student Test Scores Before
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Temporal Issues & “Treatment” Effect
Determining “before” and “after”

Sept. JuneJune

3rd Grade Test 4th Grade 
(Spring) Test

4th Grade 
(Fall) Test

But many VAM’s
don’t consider 
variations in 

summer 
learning/lag
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Issues with using VAM to 
evaluate teacher “effectiveness”
• Statistical

– Measurement
• Noise/error rate (instrument noise/error)

– Inter-temporal variation
• Scale
• Test/Form

– Application
• Unexplainable variation (contextualized noise)
• Non-random assignment

– School level issues
– District level issues/neighborhood
– State level issues (segregation)
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Notes on Stability of Ratings
• ONLY “About one quarter to one third of the 

teachers in the bottom and top quintiles stay in 
the same quintile from one year to the next while 
roughly 10 to 15 percent of teachers move all 
the way from the bottom quintile to the top and 
an equal proportion fall from the top quintile to 
the lowest quintile in the next year.” (p. 2)[1]

[1] Sass, T.R. (2008) The Stability of Value-Added Measures of Teacher Quality and Implications 
for Teacher Compensation Policy. Urban Institute, 
http://www.urban.org/UploadedPDF/1001266_stabilityofvalue.pdf See also: McCaffrey, Daniel F.; 
Tim R. Sass; J. R. Lockwood and Kata Mihaly. 2009. "The Intertemporal Variability of Teacher 
Effect Estimates." Education Finance and Policy, 4(4), pp. 572-606.
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Stability of Ratings

AWESOMESTINK Average

2010

2011
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Basing tenure on sequential 
VAM success…

• Many have discussed the idea that teachers 
should not be granted tenure unless they can 
string together 3 consecutive years of successful 
VAM ratings

• Teachers in their first two years have a hard time 
getting a positive rating

• It may take several years after that to get lucky 
enough to string together 3 “good” years. And 
yes, I do mean lucky!

• For any given entering cohort of 100 teachers, 
we don’t know how many would even be 
tenurable after 10, or even 15 years. 
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Notes on Misidentification
Due to “random error”

• There is about a 25% chance, if using three years of data 
or 35% chance if using 1 year of data that a teacher who 
is “average” would be identified as “significantly worse 
than average” and potentially be fired

• Of particular concern is the likelihood that a “good 
teacher” is falsely identified as a “bad” teacher, in this 
case a “false positive” identification. According to the 
study, this occurs 1 in 10 times (given three years of data 
and 2 in 10 given only one year). Also problematic from a 
policy perspective but perhaps less so from a legal 
perspective - because it results in improper retention 
rather than improper dismissal - is the equal likelihood of 
a “false negative error,” that a “bad teacher” is improperly 
identified as a “good one.”

Schochet, Peter Z. and Hanley S. Chiang (2010). Error Rates in Measuring Teacher and 
School Performance Based on Student Test Score Gains (NCEE 2010-4004). 
Washington, DC: National Center for Education Evaluation and Regional Assistance, 
Institute of Education Sciences, U.S. Department of Education. 
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Classification Error

AWESOMESTINK Average
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Different Tests
• Sean Corcoran (2010) explains that “Houston has 

administered two standardized tests every year: the 
state TAKS and the nationally normed Stanford 
Achievement Test.”

• “among those who ranked in the top category (5) on the 
TAKS reading test, more than 17 percent ranked among 
the lowest two categories on the Stanford test. Similarly, 
more than 15 percent of the lowest value-added 
teachers on the TAKS were in the highest two categories 
on the Stanford.”

Corcoran, Sean P., Jennifer L. Jennings, and Andrew A. Beveridge. 2010. “Teacher Effectiveness on 
High- and Low-Stakes Tests.” Paper presented at the Institute for Research on Poverty summer
workshop, Madison, WI. 
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Non-random Assignment
School Level

Mr. Renzulli Ms. Hoxby

Principal Canada
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Potential causes of school-level 
non-random assignment

• Finding the “best match” for each child
• A teacher’s desire to try to help out the 

most difficult kids
– VAM would stamp this out!

• A principal’s desire to make a teacher’s life 
difficult (and perhaps even get that teacher 
fired for low VA scores)

• Most interested/aggressive parents 
requesting a specific teacher
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Non-random assignment statewide!
% Black % Hispanic

Data source: National Center 
for Education Statistics 
Common Core of Data 2006-07, 
Pubic School Universe.
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Selective Stretch Break

• Now, please stand up if you are now, or 
were previously:
– the primary teacher/ teacher of record/ 

classroom teacher 
– for a self-contained classroom of general 

education kids 
– between grades 4 and 8 
– responsible for language arts or math (or 

both) 
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Issues Cont’d

• Writing a separate contract for the <20% 
of teachers who can be attached to 
math/reading tests

• Isolating teacher effect over other effects
– Other teacher’s effects: Spillover
– Non-random assignment (clustering) 

• Unmeasured student characteristics
• Collective effects (peer)
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Spillover Effects
• Bruegmann (2009), for example, found in a 

study of North Carolina teachers that students 
perform better, on average, when their teachers 
have more effective colleagues.[1]

• Koedel (2009) found that reading achievement 
in high school is influenced by both English and 
math teachers.[2]

[1] Jackson, C. Kirabo, and Elias Bruegmann. 2009. “Teaching Students and Teaching Each 
Other: The Importance of Peer Learning for Teachers,” American Economic Journal: Applied 
Economics 1:85–108

[2] Koedel, Cory. 2009. “An empirical analysis of teacher spillover effects in secondary school,”
Economics of Education Review 28:682–692.
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Issues Cont’d

• Finally, after creating these adverse work 
conditions for that 20%, finding “better”
teachers to replace the ones you wrongly 
fire. 

Central Falls HS 

Who will be waiting 
in line? 
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Frequently used, factually 
incorrect statements about VAM
• …a statistical approach known as value-added analysis, 

which rates teachers based on their students' progress 
on standardized tests from year to year. Each student's 
performance is compared with his or her own in past 
years, which largely controls for outside influences often 
blamed for academic failure: poverty, prior learning and 
other factors. (LA Times)

• VA measures “level the playing field for teachers who 
are assigned students of different ability.” (Kevin Carey, 
here) 

• “Value-added analysis can protect teachers from 
favoritism by using hard numbers and allow those with 
unorthodox methods to prove their worth.” (Kevin Carey, 
here) 
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Enter the Jasons (Felch and 
Song) & the Los Angeles 

Times

#goodschools Felch adds re teacher 
suicide: "In the big picture, if you're 
doing this kind of journalism, it's kind 
of part of the job." 
(Oct 2, 2010)
Tweeted by Greg Toppo, USA Today
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Buddin’s LAT Model
• Factors in the model

– Prior year (not fall/spring) score
– Student qualifies for free/red lunch (1=yes)
– Student is limited English profic. (1 = yes)
– Student joined school after Kindergart.
– Student gender
– Year of data/test
– Grade level of test

• Not included
– Composition of peer group 
– Multiple prior “lagged scores”
– Disability status
– Racial composition of class

• Rockoff: many distrs dont control for race in valueadded but b/c
of achv gap this "makes it harder" for tchrs of AfAm students 

– Number of kids in class
– A whole lot of other stuff
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Some fun findings from the LA 
Times

• 97% of children in the lowest performing schools are poor, and 
55% in higher performing schools are poor;

• The number of gifted children a teacher has affects their value-
added  estimate, positively – The more gifted children the 
teacher has, the higher the effectiveness rating;

• Black teachers have lower value-added scores for both ELA 
and MATH than white teachers, and these are some of the 
largest negative correlates with effectiveness ratings provided 
in the report – especially for MATH. 

• Having more black students in your class is negatively 
associated with teacher’s value-added scores, though this 
effect is relatively small;

• Asian teachers have higher value-added scores than white 
teachers for Math, with the positive association between being 
Asian and math teaching effectiveness being as strong as the 
negative association for black teachers. 
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Great Contradictions from the 
Jasons

• When asked whether “scale” issues - ceiling 
effects - influenced their analysis 
– the Jasons replied that their finding that teachers with 

more gifted children had higher average 
“effectiveness” ratings provided evidence that ceiling 
effects weren’t a problem. 

• When asked whether value-added modeling 
could really control for the fact that kids aren’t 
randomly assigned across teachers
– The Jasons emphatically (though selectively) pointed 

toward the research of Kane and Staiger as providing 
an indisputable “yes!”

• Wait… don’t these two statements contradict?
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Notes for employment 
lawyers…
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The next wave of lawsuits over 
teacher dismissal

Assume a policy/legislation is adopted 
permitting or requiring removal of tenure 
as a function of low “effectiveness” rating 
generated by value-added modeling…
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Due Process Concerns
• To what extent are teachers provided sufficient 

information on how their ratings work and how/whether 
than can truly influence those ratings?
– Major issue with DC IMPACT teacher guidebook

• To what extent might random error alone lead to teacher 
dismissal? 
– 10% to 20% chance of high performer being fired
– 25% to 35% chance of average performer being fired

• To what extent might non-random assignment of students 
- totally outside the teacher’s control - lead to dismissal?

• To what extent might more nefarious practices - like 
assigning tough kids to one teacher to increase chance 
of firing - lead to actual dismissal?
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Title VII - Disparate Impact 
Claims

• Because of non-random assignment, and what 
we know about race/poverty, peer group effects, 
and the distribution of teachers by race with 
students by race, there may be strong patterns 
of racially disparate impact when dismissing 
teachers by VAM ratings.
– In other words - black teachers are much more likely 

to be teaching poor black students, and therefore 
more likely to get lower VA ratings - hence be 
dismissed/de-tenured. 

– The crude - albeit typical - LAT model displays these 
differences. 
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Remedies/Alternatives
• Contractual protections for teachers

– Random assignment clause
• Stratified random assignment of all students to teachers, overseen by 

independent auditor
– By race, gender, disability (by classific.), language, poverty, neighborhood, 

parent education, household chars. Etc.
– Comparable conditions/resources clause

• Room size/lighting/temp/location
• Class meeting time of day (same and/or randomized)
• Class size

• Less “discriminatory” alternatives
– Basing VAM-related layoffs on within-race comparisons, and or 

within school (worst in group) norms for highly segregated schools
– Including individual race and peer group race in VAM
– Randomly assigning teachers by race across all schools and 

districts
– Randomly assigning students by race across all teachers (schools

and districts)
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Follow the Leader?

Which really outstanding states are 
leading the way with these teacher 
compensation reform strategies?
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State Statutes
• Teacher evaluations must include at least 50% 

student test scores
– Colorado
– Louisiana
– Tennessee

• Teacher evaluations must include between 33 
and 50% test scores
– Arizona

• Teacher evaluations must include some 
consideration of test scores
– Connecticut
– Michigan 
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Are these states really good 
education policy role models 

for New Jersey?
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Policy Logic - But It’s the Best 
Available Option????

If not “A” it must be “B”
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Practice question

• Cat’s have 4 legs
• My dog has 4 legs…

• Therefore, my dog is a cat…
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More Reformy Logic

• Something must be done
• This is something
• Therefore we must do it
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Reformy Rule #1

Anything > Status Quo

Bear with me while I use the “greater than” symbol to imply “really freakin’
better than… if not totally awesome… wicked awesome in fact,” but since 

it’s relative, it would have be “wicked awesomer.”
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Reformy Proof that 
VAM is better than Current Evaluations

• Because value-added modeling exists and purports to measure teacher 
effectiveness, it therefore counts as “something,” which is a subclass of 
“anything” and therefore it is better than the “status quo.” That is:

Value-added modeling = “something”

Something (subset symbol) Anything (something is a subset of anything)

Something > Status Quo

Value-added modeling > Current Teacher Evaluation

• Again, where “>” means “awesomer” even though we know that current 
teacher evaluation is anything but awesome.
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Additional proofiness
• After all, you can’t even measure the error rate in 

current principal and supervisor evaluations of 
teachers can you? And if you can’t measure the 
error rate it must be higher than any error rate 
you can measure? 

• That is, the unobserved error rate in one system 
is necessarily greater than the observed error 
rate of another – even if we have no way to 
quantify it – in fact, because we have no way to 
quantify it?

Unobserved error rate of ‘status quo’ > 
measured error rate of VAM
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Conclusion???

Let’s be really blunt here. Both are 
patently stupid arguments!
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Is “something” always better 
than “nothing”?

• If we were in a society that still walked 
pretty much everywhere, and some tech 
genius invented a new cool thing – called 
the automobile – but the automobile would 
burst into a superheated fireball on every 
fifth start, I think I’d keep walking until they 
worked out that little kink. If they never 
worked out that little kink, I’d probably still 
be walking. 
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For now, I’d rather walk!


